INTRODUCTION: Aneuploidy, also known as somatic copy number alterations (SCNAs), is widespread in human cancers and has been proposed to drive tumorigenesis. The relationship between SCNAs and the characteristic functional features or "hallmarks" of cancer is not well understood. Among these cancer hallmarks is immune evasion, which is accomplished by neoantigen editing, defects in antigen presentation and inhibition of tumor infiltration, and/or cytotoxic activities of immune cells. Whether and how tumor SCNA levels influence immune evasion is of particular interest as this information could potentially be used to improve the efficacy of immune checkpoint blockade, a therapy that has produced durable responses in a subset of cancer patients.
RATIONALE: Understanding how SCNAs and mutation load affect tumor evolution, and through what mechanisms, is a key objective in cancer research. To explore the relationships between SCNA levels, tumor mutations, and cancer hallmarks, we examined data from 5255 tumor/normal samples representing 12 cancer types from The Cancer Genome Atlas project. We assigned each tumor an SCNA score and looked for correlations with the number and types of tumor mutations. We also compared the gene expression profiles of tumors with high versus low SCNA levels to identify differences in cellular signaling pathways.
RESULTS: First, we found that, for most tumors, there was a positive correlation between SCNA levels and the total number of mutations. Second, tumors harboring activating oncogenic mutations in the receptor tyrosine kinase-RAS-phosphatidylinositol 3-kinase pathway showed fewer SCNAs, a finding at odds with the hypothesis of oncogenedriven genomic instability. Third, we found that tumors with high levels of SCNAs showed elevated expression of cell cycle and cell proliferation markers (cell cycle signature) and reduced expression of markers for cytotoxic immune cell infiltrates (immune signature). The increased expression level of the cell cycle signature was primarily predicted by focal SCNAs, with a lesser contribution of arm and wholechromosome SCNAs. In contrast, the lower expression level of the immune signature was primarily predicted by high levels of arm and whole-chromosome SCNAs. SCNA levels were a stronger predictor of markers of cytotoxic immune cell infiltration than tumor mutational load. Finally, through analysis of data from two published clinical trials of immunotherapy in melanoma patients, we found that high SCNA levels in tumors correlated with poorer survival of patients. The combination of the tumor SCNA score and the tumor mutational load was a better predictor of survival after immunotherapy than either biomarker alone. CONCLUSION: We found that two hallmarks of cancer, cell proliferation and immune evasion, are predicted by distinct types of aneuploidy that likely act through distinct mechanisms. Proliferation markers mainly correlated with focal SCNAs, implying a mechanism related to the action of specific genes targeted by these SCNAs. Immune evasion markers mainly correlated with arm-and chromosome-level SCNAs, consistent with a mechanism related to general gene dosage imbalance rather than the action of specific genes. A retrospective analysis of melanoma patients treated with immune checkpoint blockade anti-CTLA-4 (cytotoxic T lymphocyte-associated protein 4) therapy revealed that high SCNA levels were associated with a poorer response, suggesting that tumor aneuploidy might be a useful biomarker for predicting which patients are most likely to benefit from this therapy.
M
any human solid tumors are characterized by aneuploidy, the presence of an abnormal number of chromosomes (1) . Additional somatic copy number alterations (SCNAs), known as segmental aneuploidies, are also widespread in tumors; these include chromosome arm and focal SCNAs smaller than a chromosome arm (2, 3) . There is increasing evidence that aneuploidy is a driving force in tumorigenesis (4) (5) (6) (7) (8) (9) . We recently showed that the recurrent patterns of focal and arm/ chromosome SCNAs can, in part, be explained by the distribution and potency of cancer driver genes as predicted by their point mutational patterns in sporadic tumors (10, 11) . An abnormally high number of chromosomes are associated with high-grade tumors and poor prognosis (12) (13) (14) (15) . Paradoxically, experimentally induced aneuploidy is known to have negative effects on cellular physiology, including higher basal proteotoxic stress (16) (17) (18) (19) (20) . It is unknown whether the deleterious effects of aneuploidy on protein homeostasis are simply outweighed by protumorigenic gene dosage effects or whether they might even have a distinct benefit in the context of tumorigenesis.
Immune evasion is an important cancer hallmark and has long been recognized as a fundamental process in tumor formation and progression (21, 22) . Cancer immune evasion occurs through the selection of tumor variants that become resistant to an immune attack primarily mediated by T cells and natural killer (NK) cells (21, 22) . One approach to overcome this evasion is to block the inhibitory molecules that the immune system naturally uses to restrain excessive immune responses. These inhibitory molecules represent the basis for immune checkpoint blockade therapy (23) . Antibodymediated inactivation of inhibitory molecules, such as cytotoxic T lymphocyte-associated protein 4 (CTLA-4) and programmed death-ligand 1 (PD-L1), has produced durable responses in a subset (20 to 30%) of patients with advanced tumors (23) .
The identification of biomarkers that predict patient response to CTLA-4 and PD-1/PD-L1 blockade is a key focus of current research. Some progress has been made. For example, the response to CTLA-4 and PD-L1 blockade in cancer patients has been shown to correlate with the expression of CD8 + and T helper type 1-associated molecular markers such as IFN-g (interferon-g), PRF1, TAP1, and GZMB (24) (25) (26) . Furthermore, the clinical benefit of PD-1 and CTLA-4 blockade in melanoma and non-small cell lung melanoma is associated with tumor neoantigen burden (26) (27) (28) . Cytolytic immune infiltrates have also been shown to correlate with the total number of mutations in certain human tumor types, although the mechanisms controlling immune infiltration are not well understood (29) .
Here, our objective is to better understand the evolution of cancer by identifying which molecular properties of cancer cells might influence SCNAs and, conversely, which aspects of cancer biology might be influenced by SCNAs. We have uncovered unanticipated relationships of SCNA levels with mutation number, with classes of cancer drivers, and with cell proliferation and immune infiltration signatures. These relationships illuminate how cancer evolves and how SCNA levels might affect cancer therapy and patient survival.
Relationships between SCNAs and other genetic features of cancer
To uncover relationships between known molecular characteristics of tumors and SCNA levels that might inform cancer evolution, we first developed a means by which to stratify tumors based on their SCNA levels. We examined data from 5255 tumor/normal samples from 12 cancer types from The Cancer Genome Atlas (TCGA) project. We assigned each tumor an overall SCNA level score, defined as the sum of three standardized SCNA level scores: chromosome SCNA level, arm SCNA level, and focal SCNA level (focal SCNAs defined as <50% of a chromosome arm; tables S1 and S7; see Materials and methods) (3, 30) . The different SCNA classes (focal, arm, and chromosome) were considered independently because they arise from biologically distinct mechanisms (31, 32) . Hereafter, we use the terms "aneuploidy" and "SCNA level" interchangeably.
In contrast with a previous report showing that SCNAs are more abundant in tumors with a low mutation burden (33), we found a positive correlation between the number (n) of mutations and SCNA level (Fig. 1A ) in 8 of 12 tumor types. Only colorectal carcinoma (CRC) and uterine corpus endometrial carcinoma (UCEC) exhibited a statistically significant negative correlation between the number of mutations and the SCNA level. The distribution of the number of mutations in these tumor types is bimodal, with most of the samples bearing~100 exonic mutations on average and the remaining samples having a~10-fold higher number of mutations (hypermutated; fig. S1A and table S1A; see Materials and methods). The negative correlation between mutations and SCNAs in CRC and UCEC tumors was dependent on the presence of these hypermutated samples (Fig. 1A , see dotted line). Thus, within individual cancer types, the number of mutations tends to positively correlate with the SCNA level.
Next, we separated mutations in driver genes, that is, tumor suppressor genes (TSGs) or oncogenes (OGs), as predicted by TUSON Explorer (11), and mutations in passenger genes, that is, genes not predicted to be cancer drivers. Consistent with the data in Fig. 1A , SCNA levels positively correlated with the number of mutations in passenger genes (Fig. 1B and table S2E) but not with the number of mutant cancer driver genes (Fig. 1B) . Similar results were found in most tumor types when analyzed individually (table S2C) .
To investigate how alterations in different classes of cancer drivers relate to aneuploidy, we analyzed the correlations between SCNA levels and mutations in sets of TSGs and OGs acting in 14 different cancer pathways (table  S2B) . Mutations in driver genes involved in the DNA damage response pathway were positively correlated with SCNA levels (Fig. 1C and  fig. S1B ), consistent with a putative role of this ; see also fig. S1A, table S1 , and Materials and methods). (B and C) Pan-cancer analysis showing the relationship between the SCNA level and the number of mutations in passenger genes, functionally relevant mutations in OG and TSG drivers predicted by TUSON (11) or the ratio between the number of mutations in these drivers and passengers (B), and the number of drivers involved in the indicated pathways (C) (table S2B). Only tumor samples with a total number of exonic mutations lower than 400 were considered to exclude hypermutated samples. The Spearman correlation coefficient and P value are shown (see pathway in genomic stability (34, 35) . Mutations in only one pathway showed a negative correlation with SCNAs: the receptor tyrosine kinase (RTK) pathway, which also includes phosphatidylinositol 3-kinase (PI3K) and RAS pathway genes (Fig. 1, C and D, and table S2D; P = 2 × 10 −15 ). This inverse relationship is at odds with the notion that the RTK-RAS-PI3K pathway activation generates genomic instability, as previously proposed in the OG-induced genomic instability hypothesis (see Discussion) (36) (37) (38) .
Aneuploidy correlates with tumor cell proliferation and reduced cytotoxic immune infiltration
To determine which cancer hallmarks are associated with aneuploidy, we searched for cellular signaling pathways with altered regulation in tumors with high aneuploidy. We compared the gene expression profiles of tumors with high (higher than 70th percentile) and low (lower than 30th percentile) SCNA levels (39) . We used Gene Set Enrichment Analysis (GSEA) (40) S2C ). These results suggest that there is increased cell proliferation in high aneuploidy tumors, consistent with previous observations (41, 42) .
Most of the gene expression signatures showing significant down-regulation in high aneuploidy tumors [false discovery rate (FDR) < 10
] were signatures associated with the immune system ( Fig. 2A and table S3 , A and C). Because the genes comprising these signatures are predominantly expressed in immune cells and not tumor cells, this observation reflects the degree of infiltration and potential activity by the immune cells in the tumor microenvironment (Fig.  2, A and B, see below) . Three related but distinct groups of gene sets affected by aneuploidy emerged from this analysis. First, the expression of genes associated with adaptive immunity was significantly decreased in high aneuploidy tumors ( Fig. 2A) and an enrichment score (ES) equal to or lower than −0.8 ( Fig. 2A) . Genes mediating cytotoxic functions, such as granzymes GZMA, GZMB, GZMH, GZMK, and GZMM, all showed mRNA reduction by twofold or greater in tumors with high versus low SCNA levels [log 2 fold change (log 2 FC) ≤ −1; Fig. 2B and table S3A ]. The expression of genes involved in the IFN-g pathway (including JAK2, IRF1, IRF2, GBP4, and GBP5) was also significantly lower ( Fig. 2B and table S3A ). Third, genes in pathways related to the presence of an ongoing immune response and a cytokine-rich microenvironment [which included proinflammatory cytokines such as interleukin-1b (IL-1b), IL-16, IL-18, C-C motif chemokine ligand-4 (CCL4), CCL3, CCL19, CCL7, CCL11, CCL22, and CCL13] showed reduced expression in high aneuploidy tumors ( Fig. 2B and table S3A ).
Analysis of individual tumor types yielded consistent results: Expression of genes in signatures characteristic of the adaptive immune system and immune-mediated cytolytic/cytotoxic activities was significantly decreased in epithelial tumor types and melanomas (Fig. 2C, fig. S4 , and table S4B). Notable exceptions were brain cancers such as glioblastoma multiforme (GBM) and lower-grade glioma (LGG), where a reduction in the expression of immune-related gene sets was not observed. Overall, this analysis indicates that high aneuploidy tumors display a lower level of markers associated with immune-mediated cytotoxic functions than do low aneuploidy tumors.
To investigate the changes in immune cell type composition responsible for the observed changes in immune gene expression, we used the ImmGen gene expression database (43) ). Expression of genes specific for CD4 + T cells (Fig. 3A) was reduced, as were regulatory T cell (T reg )-specific genes, although to a lesser extent than genes specific for CD8 + T cells. Expression of markers specific for dendritic cells and macrophages was also significantly reduced (Fig. 3A) . We infer from these cell type expression changes that the numbers of specific cell types expressing these signatures are correspondingly reduced.
The ratio between immune cell types with a protumorigenic versus antitumorigenic function, rather than the absolute number of immune cell types, is thought to determine whether the net effect of these cells is tumor promotion versus inhibition (22) . We therefore looked at the ratios between different types of immune cells and between immune molecules known to have immunosuppressive/protumorigenic or immunostimulatory/antitumorigenic functions. We found that the ratio between the mRNA levels of CD8 + T cell-specific genes versus T reg -specific genes was significantly reduced in high versus low SCNA level tumors (Fig. 3C) . A significant reduction was also found in the ratio between M1 macrophage (antitumorigenic)-specific genes versus M2 (protumorigenic) (44) macrophage-specific genes ( ; and table  S4B) . Overall, these data point to a reduction of immune-mediated cytotoxic and proinflammatory activities in the microenvironment of high aneuploidy tumors.
Different SCNA classes predict cell cycle and immune signatures
To determine which SCNA classes (chromosome, arm, and focal) best predict cell cycle and immune signatures, we defined a cell cycle gene signature [genes associated with proliferation not frequently amplified/deleted; table S5A; see Materials and methods (3, 45) ] and a cytotoxic immune signature (genes specific for cytotoxic CD8 + T cells and NK cells; table S5B; see Materials and methods). For each tumor sample, we determined a cell cycle signature score and an immune signature score as the average expression level of the genes composing each signature (see Materials and methods). We found the cell cycle and immune signature scores had no significant correlation (average correlation coefficient among all tumor types is 0.08). We then used logistic regression to determine the contribution of focal SCNA level and arm/chromosome SCNA level in predicting the cell cycle and immune signature score (see Materials and methods). Arm and chromosome SCNAs were considered together as they each affect a larger number of genes (~10 to 20 times higher) than focal SCNAs.
In the pan-cancer analysis, both focal (b coefficient: b = 0.50, P = 1 × 10 −18 ) and arm/ chromosome SCNA levels (b = 0.30, P = 4 × 10
) significantly predicted the cell cycle signature score, with focal SCNAs showing a stronger contribution to the prediction of this signature ( (table S5C) , whereas in 10 of 12 tumor types (all but gliomas), the arm/chromosome SCNA level represented a significant negative predictor ( Fig. 4D ) and, in each case, outperformed the focal SCNA level. Together, this analysis shows that the immune signature is more accurately predicted by arm and chromosome SCNA events than by focal SCNA events.
The differential role of arm/chromosome and focal SCNAs in predicting the cell cycle and the immune signature could be due to differences in the genes targeted or to other distinctive features of these SCNA classes. We found that focal and arm-level deletion/amplification frequencies were correlated along the genome (r = 0.5, P < 0.01; Fig.  4E and table S5D; see Materials and methods). This suggests that the focal and arm/chromosome SCNAs may be selected during tumor evolution in part due to the dosage alteration of overlapping gene sets that affect cell proliferation. However, it is a distinct property of arm/chromosome SCNAs that predicts the immune signature score (see Discussion).
Role of aneuploidy and mutations in predicting immune signatures
Tumor neoantigen and overall mutation burden have been posited to correlate with cytotoxic immune infiltrates (25, 26, 29, 46) . We investigated the relative contribution of aneuploidy and mutation number in predicting the immune signature by comparing tumors with high and low arm/chromosome SCNA levels or point mutation burden. In CRC, lung adenocarcinoma (LUAD), and UCEC, tumors with high mutation burden showed an increased immune signature score, consistent with previous observations (Fig. 5 , A and B) (29) . In contrast, in all cancer types except gliomas, tumor samples with high arm/ chromosome SCNA levels showed a significant decrease in the immune signature score (~50% difference on average) ( S8 ). This effect was particularly evident in head and neck squamous cell carcinoma (HNSC), skin cutaneous melanoma (SKCM), CRC, and stomach adenocarcinoma (STAD), tumor types with a high mutation burden (see Discussion). Compared to mutation number, the level of SCNAs showed a stronger correlation with the cytotoxic immune signature in most of the tumor types examined, even in those where mutation number positively correlated with the SCNA level (Fig. 1A) . We also note that in breast cancer, the negative correlation between aneuploidy and the immune signature is stronger in estrogen receptor/progesterone receptor (ER/PR)-negative tumors, the subset of tumors with overall higher mutation burden and higher degree of immune infiltrate (47) .
One of the mechanisms of cancer immune evasion is neoantigen editing or depletion, which occurs through the negative selection of tumor variants that carry and express immunoreactive neoantigens (48) . Neoantigen depletion can be assessed by measuring the ratio between the number of observed neoantigens relative to the number of expected neoantigens, which is based on the number and spectrum of silent mutations (29) . When the number of observed neoantigens is lower than expected, this suggests that neoantigen editing occurred during tumorigenesis. We studied the impact of SCNAs on neoantigen editing in CRC, a tumor type where this phenomenon has been previously observed (29) . We found that the ratio of observed to expected neoantigen numbers was significantly higher in tumors with high SCNA levels, indicating less neoantigen editing (Fig. 5D) . In contrast, tumor mutational load had no significant correlation with neoantigen editing. Overall, these results are consistent with the hypothesis that aneuploidy inhibits cytotoxic immune activities during tumorigenesis, thus lowering the selective pressure against tumor variants containing neoantigens.
Prediction model for cell cycle and immune signatures
In addition to the total number of mutations, other molecular and clinical parameters may Davoli (table S4D) , and (D) M1 macrophagespecific versus M2 macrophage-specific genes (see Materials and methods  and table S4D) . (E) RNA-seq analysis was performed comparing tumors with high versus low SCNA level for the indicated cancer types. Gene sets representing markers specific for the indicated immune cell types were used to perform a GSEA analysis as in (A). For the signatures "CD8 + T cell to T reg ratio," "pro-to anti-inflammatory cytokines ratio, " and "M1 to M2 macrophage ratio, " a similar analysis to the one shown in (B) to (D) was performed. The FDR is shown using a heat map.
contribute to the prediction of the immune and cell cycle signatures. We used least absolute shrinkage and selection operator (lasso) (49) to determine the contribution of SCNA level, the total number of point mutations, TP53 mutations, patient age, patient gender, and tumor stage to both signatures. Some of these parameters have been suggested to play a role in the immune escape or cell cycle regulation of cancer cells (50) (51) (52) . After splitting the data set into a training set (70% of the data set) and test set (remaining 30% of the data set), we applied lasso to select the best parameters predicting the cell cycle signature or immune signature by comparing the tumors with high versus low cell cycle or immune signature scores, respectively. The selected parameters were then used to refit a logistic regression model, and the final model was applied to the test set. As expected (Fig. 4C) , focal SCNA and arm/ chromosome SCNA levels were selected by lasso to predict the cell cycle signature (Fig. 6A ), as were mutations in TP53, a negative regulator of cell cycle entry (50, 51) . Mutation number was also selected by lasso as a predictor of the cell cycle signature in several tumor types, possibly because cell proliferation drives mutation accumulation. For the immune signature, the arm/ chromosome SCNA level was frequently selected by lasso across different tumor types (Fig. 6B ), whereas the focal SCNA level was selected in only two tumor types. The total number of mutations was selected by lasso in three tumor types (CRC, LUAD, and UCEC) (Fig. 6B ), but in these cases, the magnitude of the coefficients for arm/ chromosome SCNAs was larger than that for mutation number. Overall, we achieved a good prediction of the cell cycle signature and the immune signature [area under the curve of the Davoli receiver-operating characteristic (ROC-AUC) ≥ 0.7] in 6 of 12 tumor types (Fig. 6, A and B) . This analysis shows that, in several cancer types, aneuploidy and, in some of these cases, aneuploidy together with mutation number represent an important parameter for the predictor of the immune signature.
SCNA levels predict survival of melanoma patients after immunotherapy
In light of the correlation between SCNA levels and immune activity in the tumor microenvironment, we next examined whether there was a correlation between SCNA levels and patient survival after immunotherapy. We analyzed a data set derived from a recent clinical trial of anti-CTLA-4 blockade in metastatic melanoma patients (27) . We derived the SCNA level by applying VarScan 2 to whole-exome sequencing data (53) and determined the purity of each sample using AscatNGS (see Materials and methods and table S8A) (54) . In addition, we considered the number of point mutations and neoantigens, which have been described as predictors of survival after immunotherapy (26, 27) . First, we assessed tumor SCNA levels and mutational load in patients who did or did not achieve long-term survival after treatment (27) . Tumor SCNA levels in patients experiencing long-term survival were significantly lower (P = 8 × 10 −5 , Fig. 6C ). As expected, tumor mutational load also distinguished these two classes of patients (P = 0.02, Fig. 6C ) (27) . An additional (n = 10) subgroup was defined for patients who experienced long-term survival (overall survival longer than 2 years) without apparent clinical benefit within 6 months after treatment (27) . Tumor SCNA levels distinguished this subgroup from the nonresponders group (P = 0.03, Fig.  6C ), whereas tumor mutational load did not distinguish between them (Fig. 6C) .
Next, we examined survival after stratifying the patients into two equal groups (that is, upper and lower 50%) based on either the tumor SCNA level or mutational load. We then applied the Cox proportional hazards model to compare the survival of the two groups of patients (55) . We found that higher SCNA levels correlated with poor survival [hazard ratio (HR) = 2.24; P = 4 × 10 −4
; Fig. 6D and table S6A] . A higher number of tumor mutations correlated with better survival (HR = 0.68, P = 0.079; Fig. 6 , C to G, and table S6A); a similar result was found for the number of predicted neoantigens (table S6A) . We next used a multivariable Cox proportional hazards model to include both SCNA levels and mutation number to derive a combined risk score. The HR for this combined risk score (binary classification of patients based on the median value of this score) was increased compared to the individual predictors (HR = 2.51, P = 5 × 10 on the training set. The selected parameters were used to refit a logistic regression model on the training set, and the corresponding b coefficients are shown for each indicated parameter and tumor type. A coefficient of 0.00 refers to parameters that were not selected. The resulting model was applied to the test set, and ROC-AUC is shown for each tumor type. The number of mutations was considered as log-transformed and standardized. TP53 mutation and gender were considered as binary parameters, and all the other parameters were standardized. NAs indicate that the corresponding parameters were not applicable (see also table S5, E and F). (C) Relationship between the SCNA level and the number of mutations with the response to anti-CTLA-4 immunotherapy. Data from the anti-CTLA-4 trial in melanoma patients described by Van Allen et al. (27) were used as described in Materials and methods. In the box plots, patients were divided into those who did achieve long-term survival (Long-term survival; different shades of green) and those who did not (No clinical benefit; gray). In addition, among the first group, a subset of 10 patients was further identified as patients with no clinical benefit within 6 months, as previously described (27) . P values are shown for the comparison of the distribution of the number of mutations or the SCNA level between the indicated groups of patients (Wilcoxon test). (D and E) Survival analysis for the SCNA level, the number of mutations, and a combination of the two parameters. The number of mutations and the SCNA level were derived as in (C). In (D), the SCNA level (left) and the number of mutations (right) were used as individual predictors of survival in a univariate Cox proportional hazards models. In both cases, patients were stratified in two groups using the median value as a cutoff. HR and Wald test P values from the Cox proportional hazards model comparing the two groups of patients are shown. Kaplan-Meier survival curves are shown. In (E), multivariate Cox proportional hazards model was used including both the SCNA level and the number of mutations as predictors. On the basis of this multivariate model (table S6A) , we derived a risk score for each patient and we stratified the patients in two groups using the median as a cutoff. HR and Wald test P values from the Cox proportional hazards model comparing the two groups of patients are shown. Kaplan-Meier survival curves for patients stratified in the two groups are also shown (table S6A) . (F and G) The survival analyses presented were generated as in (D) and (E) with the indicated data set (table S6B) .
number of mutations (r = −0.04, P = 0.63; also see Fig. 1A ). As an alternative method, we performed survival analysis after considering each predictor as a continuous variable and we obtained similar results (see Materials and methods and table S6A) (56) . Furthermore, we performed a similar analysis in another data set derived from an independent clinical trial of anti-CTLA-4 blockade in melanoma patients (Fig. 6, F and G, and tables S6B and S8B) (26) and obtained similar results.
As previous work has shown that high tumor aneuploidy correlates with poor survival (12) (13) (14) (15) , it is possible that the survival effects on patients undergoing immunotherapy might be explained by that general property of aneuploidy. Thus, we sought to determine whether the magnitude of this general effect explained the correlation we observed in the data from immunotherapytreated patients. Therefore, we evaluated a TCGA data set of melanoma patients who were not treated with immunotherapy. In this data set, a higher number of tumor mutations predicted better survival (HR = 0.61, P = 0.039; table S6C and fig. S9 ). In the same data set, higher SCNA levels predicted poorer survival but, in contrast to its effect in the context of immunotherapy, the correlation did not reach statistical significance (HR = 1.53, P = 0.06; table S6C and fig. S9 ).
The correlation of both high mutation number and low SCNA level with better survival may be due to the role of an antitumor immune response in predicting a better outcome even in the absence of immunotherapy, an observation that has been previously described (57) . The prediction of patient outcome by SCNA levels was more prominent in the immunotherapy context than in the nonimmunotherapy context, indicating that it likely affects immune blockade efficacy beyond its general role in patient survival (see also interaction analysis between SCNA level and immunotherapy in table S6D). Finally, a gene expression signature derived from the TCGA data set (23 genes; table S6E) and composed of genes that are positively correlated with aneuploidy and negatively correlated with the immune infiltrate was associated with worse survival in melanoma patients treated with immunotherapy (HR = 2.2; P = 0.05; fig. S9C and table S6E) (27) . Overall, these data indicate that tumor SCNA levels and mutational load can be used together to predict patients' survival after immunotherapy.
Discussion
A key unanswered question in cancer research is how tumors evolve and how aneuploidy shapes that evolution. Previous data from our laboratory and others indicated that cancerassociated SCNAs represent driver events during tumorigenesis (4-9, 58). Here, we report that, in human tumors, distinct types of SCNAs differentially predict gene expression signatures that are associated with two hallmarks of cancer: cell proliferation and immune evasion. We uncovered relationships between the level of SCNAs and mutations in driver genes acting in specific cancer pathways that deepen our understanding of tumor evolution. Mutations in driver genes involved in the DNA damage pathway correlated positively with the overall level of SCNAs, consistent with a likely role for this pathway in preventing SCNAs (Fig. 1C and fig. S1B) . Unexpectedly, the level of SCNAs negatively correlated with mutations in driver genes involved in the RTK pathway, such as EGFR, PIK3CA, KRAS, and BRAF. This negative correlation has important implications for the OG-induced genomic instability hypothesis (38) . Current models posit that activation of OGs such as KRAS, BRAF, and HRAS leads to replication stress due to fork stalling, resulting in double-strand breaks in the DNA and consequent genomic instability that affects tumor evolution (32, 38) . Our analysis suggests that mutated OGs (which may behave differently in vivo than in an experimental overexpression setting) may not represent a significant source of genomic instability and SCNAs in human tumors.
Consistent with previous observations, we found a positive correlation between high SCNA scores and the expression of genes involved in cell cycle regulation and proliferation. Whereas whole arm and chromosome aneuploidy contribute, focal SCNA levels play a more potent role in predicting the expression of a cell cycle and proliferation signature (Fig. 4, A and C) . A plausible explanation for this observation is that frequently selected focal SCNAs contain the optimal chromosomal segments for promotion of cell proliferation; in contrast, arm-level events are less optimized with respect to which genes are altered, and the gene dosage changes of an entire arm or chromosome also create proteotoxic stress that is deleterious for cell proliferation (7, 19, 59, 60) .
We uncovered a negative correlation between aneuploidy and the presence of a cytotoxic immune infiltrate (Figs. 5 and 6 ). We find that aneuploidy is a significant predictor of the immune signature score in 10 of 12 tumor types (Fig. 6, A  and B) . The two exceptions are brain tumors. The contribution of aneuploidy to the prediction of the immune signature score is independent of several clinical parameters including the total number of tumor mutations, which is known to positively correlate with the immune infiltrate in some tumor types (25, 29, 46) .
Using published data from two independent clinical trials of immunotherapy (CTLA-4 blockade) in melanoma patients (26, 27) , we found that high levels of tumor SCNAs predict poorer survival of patients. Because the number of mutations predicts patients' survival independently of the SCNA level, combining the SCNA level with the number of mutations results in a further improvement of survival prediction.
In contrast to the cell proliferation signature, the immune signature score is predicted principally by arm and chromosome aneuploidy, with a minor role for focal SCNAs in some tumor types (Figs. 4, A to D, and 6, A and B) . Because the genes altered in the focal and armlevel SCNAs significantly overlap (Fig. 4E) , it is unlikely that the individual genes driving the selection of focal and arm-level SCNAs through dosage change are responsible for the reduction in the immune infiltrate. This suggests that differences in other features between these two types of SCNAs are responsible for the relationship. One property that distinguishes arm-level SCNAs from focal SCNAs is the number of gene products involved and the potential for proteotoxic stress. Thus, one hypothesis is that protein imbalance may impair a tumor signal needed for cytotoxic immune cell infiltration. Aneuploidy may weaken some aspects of antigen presentation on major histocompatibility complex (MHC), which is known to play an important role in tumor detection by the immune system (21) . An alternative, speculative hypothesis involves the relative concentration of neoantigen peptides in high versus low aneuploidy tumors. Evidence suggests that aneuploidy evolves earlier than the bulk of mutations (61, 62) . If, for the sake of argument, the typical tumor is roughly triploid, the average neoantigen would exist at a relative concentration of 33% lower than the same neoantigen in a neardiploid tumor. Furthermore, given the imbalanced stoichiometry of many complexes in aneuploid tumors, it is possible that the increased flux of unstable wild-type proteins through the proteasome generates more self peptides that would place the neoantigens at a further competitive disadvantage for loading onto limiting MHC protein, further limiting neoantigen presentation. These hypotheses also predict that the role of aneuploidy in promoting cancer immune escape is dependent on the presence of neoantigens, thus mutations. This is consistent with the fact that the tumor types, where aneuploidy has a more prominent role in predicting the immune signature, are the types with a high mutation load on average, such as HNSC, CRC, STAD, and SKCM (11) .
In summary, our data suggest that assays of tumor SCNA levels might be useful, alone or in combination with estimates of tumor mutational load, for determining which patients are most likely to respond to therapies based on immune checkpoint blockade. Information on both point mutations and copy number changes can simultaneously be derived from sequencing performed on patient tumors. Furthermore, understanding the mechanism by which aneuploidy affects immune cell infiltration and responses to checkpoint blockade may provide an avenue for therapeutic intervention that could improve the efficacy of current checkpoint blockade immunotherapies.
Materials and methods

Data sets
We obtained the data sets for SCNAs (SNP-array based data), point mutations, RNA-seq, microarray expression data and clinical parameters from the TCGA database (https://tcga-data.nci.nih.gov) for the following tumor types: lower grade glioma (LGG), glioblastoma multiforme (GBM), skin cutaneous melanoma (SKCM), colorectal adenocarcinoma (CRC or COADREAD), stomach adenocarcinoma (STAD), lung squamous cell carcinoma (LUSC), head and neck squamous cell carcinoma (HNSC), ovarian adenocarcinoma (OV), uterine corpus endometrial carcinoma (UCEC), breast adenocarcinoma (BRCA), lung adenocarcinoma (LUAD), and kidney renal clear cell carcinoma (KIRC). See table S1A for the total number of samples in each tumor type. See table S7 for the data set of tumor samples with genomic and clinical parameters utilized in the analyses described below.
SCNA data processing and determination of the SCNA level Determination of the noise threshold for SCNA calls based on the purity estimates To determine SCNA calls, i.e., the presence or absence of amplifications or deletions, we considered different noise thresholds in different tumor types based on tumor purity (63) . We estimated the threshold for the SCNA calls based on the following relationship between the purity and the relative copy number of a certain genomic region in tumor cells. For a tumor with purity p and mean ploidy T, the relative copy number R of a certain region, in relationship to the integer copy number of that region q in the tumor cells will be as follows (63):
Based on the Mitelman database (http://cgap. nci.nih.gov/Chromosomes/Mitelman), the average ploidy of the cells in a solid tumor is approximately 3N (corresponding to 69 chromosomes), thus we assume this average ploidy level in the tumors. In the ideal scenario of a tumor with purity of 100%, we would consider a noise threshold of ±0.35 for the log 2 -transformed copy number ratio (tumor versus normal), corresponding to a~33% change of the copy number in the tumor cells. Based on the formula above between purity and relative copy number of a certain region, we adjusted the threshold for SCNA calls in each tumor type based on the estimated average purity level in that tumor type. The utilized threshold for the log 2 -transformed copy number ratio corresponds to a copy number change of 33% within tumor cells. An estimate of the average purity level within each tumor type was obtained from ABSOLUTE calls (3, 63) , when available and, when not available, from the estimate of the purity based on the pathology report. The tumor types where ABSOLUTE estimate of the tumor purity was not available were LGG, STAD, and SKCM. For the pathology reports, we utilized the files of the type "nationwidechildrens.org_biospecimen_tumor_ sample" and we considered the percent of tumor cells. For LGG, since this type of information was not available for most of the samples, we used the information on the files of the type "nationwidechildrens. org_biospecimen_slide" and we considered the tumor nuclei percent. To determine an estimate of the average purity in these three tumor types (STAD, SKCM, LGG), we considered the average purity by ABSOLUTE (3) of other tumor types (for which ABSOLUTE calls were available) with similar purity levels as estimated by the pathology report. The average estimated purity level for each tumor type and the corresponding noise threshold used for SCNA calls can be found in table S1A. This noise threshold was utilized to determine the SCNA level as described below. In addition, the analysis on the correlation between the SCNA level and the immune signature score was repeated by considering for each tumor sample a threshold level for SCNA calls determined from its purity level from the pathology report (table S5G) .
Definition of SCNA events
Focal, arm, and chromosome SCNAs represent biologically distinct events, arising from different molecular mechanisms during tumorigenesis. We aimed to consider the contribution of these three distinct classes of SCNA events to different gene expression signatures as well as the relationship between focal and arm-level events. For the focal SCNAs (deletions or amplifications involving a region smaller than 50% of a chromosome arm), we applied GISTIC2 (30, 64) to the segmentation file (from all tumor samples) of the copy number data, after excluding the arm-level (and chromosome-level) copy number changes. The focal SCNA events (amplification and deletion) resulting from GISTIC2 analysis are listed in table S1, B and C. To distinguish between arm and chromosome events, among the arm-level SCNA events, all cases where both arms of a chromosome had the same copy number change (in value and sign) were considered as chromosome SCNA events, while all the others were considered as arm SCNA events (table S1D).
Calculation of the SCNA level
We first determined in each tumor sample whether each arm, chromosome or focal region (focal events listed in table S1, B and C) was amplified, highly amplified, deleted, or highly deleted. For each patient x with a tumor of type j with noise threshold t (explained above), each SCNA region i was assigned a copy number change C, depending on the sign and amplitude of its log 2 copy number ratio c.
We determined a chromosome SCNA level, arm SCNA level, and focal SCNA level, representing the total level of deletions or amplifications at the chromosome, arm, and focal level, respectively. Each patient x was assigned the chromosome SCNA level ChromL, the arm SCNA level ArmL and the focal SCNA level FocL, based on the copy number changes C xi associated with each of the chromosome events Chrom, arm events Arm and focal events Foc, respectively, as follows:
The ChromL, ArmL, and FocL values of each tumor sample were normalized to the mean and standard deviation calculated among the samples of the same tumor type. The SCNA level represents the sum of the normalized ChromL, ArmL, and FocL levels. The arm/chromosome SCNA level represents the sum of the normalized ChromL and ArmL.
In addition, we determined an additional SCNA level score for each tumor sample, which is proportional to the total extent of genomic regions affected by the SCNAs present in the sample. This score, called "SCNA level normalized by size" (utilized in fig. S8 ) represents the integrated level of SCNAs along the genome, weighted by the size of each SCNA event. To determine this "SCNA level normalized by size," 800 genomic regions corresponding to cytogenetic bands were considered and for each region its copy number change (amplification/deletion) was determined based on Eq. 1. The "SCNA level normalized by size" represents the sum of the amplifications/deletions determined in the 800 genomic regions.
Mutation data processing
We utilized data available from TCGA on somatic point mutations (MAF files) from all tumor types and previously described lists of predicted TSGs and OGs (11) (table S2A). REACTOME and KEGG databases were utilized to classify the TSGs and OGs according to different cancer pathways (table  S2B) . For each TSG or OG, we defined a tumor sample as mutated in that predicted driver gene if the tumor contained at least one mutation predicted to be functionally relevant. For TSGs, functionally relevant mutations were defined as loss of function mutations (nonsense mutations or frameshift mutations) or missense mutations predicted as possibly or probably damaging by PolyPhen2 (65) . For OGs, the functionally relevant mutations are represented by recurrent missense mutations. Specifically, for each OG, recurrent mutations were defined as all the missense mutations recurring in the same position (same aminoacid residue) with a frequency of 20% among all missense mutations (in the OG) or a frequency of 5% and a minimum total absolute number of 10 mutations among all tumor samples.
As shown in fig. S1A , for CRC, UCEC, STAD, and other tumor types, the distribution of the number of mutations across samples is bimodal, highlighting the presence of a subset of hypermutated tumors. The thresholds for the total number of mutations (in exons) per sample utilized to define the hypermutated samples in each tumor type were defined based on the distributions of mutations shown in fig. S1A and are listed in table S1A. When specified, the analyses considering the mutation data were performed after removing the hypermutated samples.
Gene expression analysis for the comparison of high versus low SCNA level tumors
We applied the generalized linear model (glm) for RNA-seq analysis using the EdgeR package (39, 66) to the TCGA pre-processed level-3 RNAseq data sets (files of the type "uncv2.mRNAseq_raw_counts"), containing the raw read counts mapped to genes. For STAD, "STAD.mRNAseq_ raw_counts.txt" file was utilized. To compare high SCNA level versus low SCNA level tumors, we considered the tumors having an SCNA level within the 30th percentile (low SCNA level or aneuploidy level) and the tumors having an SCNA level higher than the 70th percentile (high SCNA level or aneuploidy level).
For the pan-cancer analysis, we utilized the EdgeR glm model considering the tumor type as a covariate. To maintain an equal representation of all the tumor types in the data set analysis, we considered a randomly selected subset of 400 samples, for any of the tumor types represented by a higher number of samples. For the tumor-type specific analyses we included as a covariate the tumor histological type, when available. For BRCA, an equal representation of ER/PR positive and negative samples was considered. Gene Set Enrichment Analysis was performed by applying the GSEA (40) "weighted" enrichment statistics on a score for enrichment or depletion, defined as the negative log10 of the EdgeR analysis-derived FDR multiplied by the sign of the logFC (log fold change). For GSEA, we utilized pathways contained in REACTOME, KEGG, BIOCARTA, and PID databases, utilizing gene sets containing between 20 and 500 genes and 1000 permutations.
ImmGen-derived gene expression signatures
We utilized the ImmGen database (43) To derive the gene sets specific for M1 and M2 macrophages, we used the data set from Newman et al. (67) . GSEA analysis was performed on the output of the RNA-seq analysis (comparing high versus low SCNA level tumors) across all tumor types (pan-cancer) and in the tumor-type specific analyses using the gene sets specific for different immune cells (Fig. 3E) .
To estimate the extent of the decrease in the expression of gene set specific for the different immune cell types (Fig. 3A) , the average expression level of the gene set was determined by utilizing the RSEM (RNA-Seq by ExpectationMaximization) value of each gene after log transformation and normalization to the mean and standard deviation among the samples from each tumor type. The percentage decrease (% dec., Fig. 3A ) in the expression of markers specific for each cell type between high and low SCNA level tumors was estimated by the percentage difference in the average expression level between high and low SCNA level tumors. For calculating the ratios of CD8 + T cell-specific versus T reg -specific genes and M1 macrophage-specific versus M2 macrophage-specific genes, for each tumor sample, we derived the ratio between the average expression level (log 2 transformed RSEM value) of the gene set specific for the corresponding cell types (table S4D) . For "pro to antiinflammatory cytokine ratio," the ratio of the average expression level (log 2 transformed RSEM value) of pro-inflammatory cytokines (IFN-g, IL-1, IL-2) versus anti-inflammatory cytokines (TGFB1, IL-10, IL-4, IL-11) was calculated in each tumor sample. Wilcoxon test was utilized to compare the distribution of the values between high and low SCNA level tumors. The calculated ratio for each tumor sample was standardized among the samples from the same tumor type.
Immune signature and cell cycle signature score
The gene sets utilized for the immune signature and the cell cycle signature score are presented in table S5, A and B. For the cytotoxic immune signature, we utilized a set of genes representing molecular markers of cytotoxic CD8 + T cells and NK cells, similar to the one utilized in Rooney et al. (29) . For the list of genes utilized for the cell cycle signature, we considered a set of genes considered to be bona fide markers of cellular proliferation both by literature search and by identification in a specific study aimed to experimentally determine cell-cycle regulated genes (45) . For both cell cycle and immune signatures, genes that are significantly amplified or deleted in a pan-cancer analysis (3) were excluded. To derive the cell cycle and immune signature score, we considered all the available gene expression data sets, i.e., RNA-seq and microarray gene expression data, relative to the tumor samples or the corresponding normal tissue (when available). For LGG, we considered the normal brain tissue corresponding to the GBM samples, as the normal tissue. For LUAD and LUSC, normal samples were pooled together as representative of normal lung tissue and used as normal tissue control. First, for each gene in the cell cycle or immune signatures, we considered the RSEM [or RPKM (reads per kilobase per million mapped reads)] normalized values or the gene level after LOWESS normalization for RNA-seq or microarray gene expression data, respectively. As an estimate of the expression level, we considered the rank position for each gene across samples within each data set (either RNA-seq or microarray gene expression data). As the cell cycle and immune signature scores, we considered the average of the expression value of all the genes in the corresponding signature. The presence of a subset of tumor samples in multiple gene expression data sets (RNA-seq or microarray) allowed us to confirm the expected correlation between the signature scores calculated on the basis of different expression data sets, i.e., RNA-seq and microarray.
Relationship between arm-level SCNAs and focal-level SCNAs
We aimed to determine the relationship between the frequency (across tumor samples) of focal and arm-level events along the genome. For each of 800 genomic regions, corresponding to cytogenetic bands, the corresponding copy number level (average copy number change along the region) at the arm-level or focal-level were considered (using GISTIC2). For each of these genomic regions, the frequency of amplification and deletion across samples within each tumor type was determined. To derive the correlation between focal-level and arm-level SCNAs along the genomic regions (in each tumor type), we considered the net frequency of copy number change in each region (difference between its frequency of amplification and its frequency of deletion) at the arm-level or focal-level. Both Pearson and Spearman correlation between the net frequencies of copy number changes at the focal-level versus armlevel across the 807 genomic regions are reported for each tumor type in table S5D. Additionally, for the correlation coefficient in the pan-cancer analysis shown in Fig. 4E , we considered the average value of the correlations obtained for all the individual tumor types (using the Fisher z transformation).
Logistic regression for the prediction of cell cycle and immune signature scores
To determine the role of the focal or arm/ chromosome SCNAs in the prediction of the cell cycle signature or the immune signature scores, we utilized logistic regression to compare the tumors with low (lower than 30th percentile) and high (higher than 70th percentile) cell cycle or immune signature score. The focal SCNA level and arm/chromosome SCNA level was calculated for each tumor sample, as described above (normalized across the samples of the same tumor type). The results of the tumor-type analysis are shown in Fig. 4 , C and D, and table S5C. In the tumor-type specific analyses, the SCNA scores were normalized within the samples of each specific histological subtype, when this information was available. For the pan-cancer analysis (Fig. 4, A and B) , the cell cycle and immune signature score was normalized across the samples of the same tumor type.
Lasso classification method
To determine the parameters most predictive of the cell cycle signature or the immune signature scores, we utilized the statistical method lasso. We defined the tumors as having low or high cell cycle or immune signature scores using the 30th and 70th percentiles, as described above, and used a binomial model. In cases where the training set contained fewer than 150 tumor samples, we utilized the 40th and 60th percentiles as thresholds. We divided the data set into a training and test set, representing two thirds and the remaining one third of the data set, respectively, for each tumor type. We applied lasso to the training set using 10-fold cross validation. The total number (N) of mutations was log10 transformed and standardized. We then selected the parameters that had a b-coefficient different than zero in lasso, refit a logistic model on the training set. In the tumor-type specific analyses, for the tumor types for which tumor histological subtype was available, we normalized the SCNA levels within the tumors of each specific subtype. This model built on the training set was then applied to the test set, and the ROC-AUC (area under the curve of the receiveroperating characteristic) was calculated to assess the sensitivity and specificity of the model itself [using R package pROC (68)].
Immuno-editing signature
As described in Rooney et al. (29), we considered the ratio between the number of neoepitopes observed and the number of neoepitopes predicted based on the number and spectrum of silent mutations found in colorectal cancer samples. Only tumors with more than one predicted neoepitope were considered. As above, we considered the low and high SCNA level tumors based on the 30th and 70th percentile of the SCNA level or mutation number distribution.
Survival analysis of the immunotherapy trials
Number of mutations or number of neoantigens For both the study from Van Allen et al. (27) and the study from Snyder et al. (26), we considered the number of mutations and/or the number of neoantigens as reported in the corresponding data sets. See table S8 for the data set of tumor samples with genomic and clinical parameters utilized in the analyses described below.
Calculation of the SCNA level
Sample files were filtered for duplicate sequences using Picard Tools (v1.14). The resulting filtered output files were then analyzed using BamTools to ascertain insert sizes and the total number of uniquely mapped reads present in each sample (69) . This information was used to calculate a relative ratio between each pair of tumor and normal samples for use as an initial normalization to baseline (e.g. 2N) copy number between each pair. This is done to compensate for any systematic variance in total reads between samples (53). This ratio is typically defined as normal_ unique basepairs/tumor_unique basepairs; unique basepairs are calculated as mapped nonduplicate reads * median read length (53) .
Each pair of files was first converted into mpileup format using samtools (v1.3) and an hg19 (GRCh37) human reference (www.broadinstitute. org/ftp/pub/seq/references/Homo_sapiens_ assembly19.fasta). The output of this conversion was piped directly into VarScan (v2.4.0) using its copy number mode, the -mpileup flag, and setting the -data-ratio variable to the custom ratio calculated for each sample pair (as described above). All other settings to run VarScan were default. Samples were assessed for improper baselining.
The output of this processing was then segmented using R and the DNAcopy library (70) . Each file was smoothed using the default smooth. CNA process. Smoothed samples were then segmented using the segment command with a minimum lesion width of five and using undo. splits = "sdundo" (SD = 2). P values and lesion classifications were assessed using segments.p and this annotated output was used for all further analysis. Finally, the scored segmentation files were individually merged to coalesce multiple small segments into larger regions to correct for any over-segmentation in the data set. To this end, the VarScan accessory script mergeSegments.pl was employed, using chromosome arm sizes derived from the hg19 reference file used for the initial analysis. For the samples derived from Snyder et al. (26) , the output of copy number analysis was kindly provided by Dr. Timothy Chan and Dr. Vladimir Makarov.
To calculate the level of SCNA for each sample, large-scale events were considered, i.e., events affecting at least 10% of a chromosome arm or 5% of a chromosome. Regions of deletions and amplifications were defined as described above in the section "Definition of SCNA events" (threshold of ±0.3 on the segment mean log 2 FC to define amplification/deletions; see also table S1A). The SCNA level was then calculated as the sum of deletions and amplifications, each weighted by its segment length. The SCNA level was then normalized to the mean and standard deviation of the distribution.
Cellularity analysis using AscatNGS and RNA-seq data Deduplicated BAM files were processed with AscatNGS (https://github.com/cancerit/ascatNgs), a version of the Ascat algorithm (53) modified to work with NGS output. Gender information for each sample was provided to the algorithm and all 24 chromosomes included in the analysis. Variants were derived from the 1000 Genomes "multiple observations" data set and includes all observed SNVs with a Minor Allele Fraction of 0.05 or higher. The SNV panel was derived (example script available here: https://github. com/cancerit/ascatNgs/wiki/Human-reference-filesfrom-1000-genomes-VCFs) and a GC-correction table was calculated relative to the hg19 reference using the default parameters of the Ascat utility script ascatSnpPanelGcCorrections.pl. Across all alignment and analytical steps, a common hg19 reference file was used and is available at www. broadinstitute.org/ftp/pub/seq/references/Homo_ sapiens_assembly19.fasta. AscatNGS ascertained cellularity and ploidy (and related data) for each sample. Samples that could not be modeled by the algorithm or that reported 100% purity were excluded from further analysis. We determined the role of purity in predicting survival. Purity did not represent a significant predictor of survival (HR = 1.16, p = 0.5; table S6A).
Aligned BAM files were assessed for quality and bias corrected using RNA-seQC (www. broadinstitute.org/cancer/cga/rna-seqc) as previously described (71) using default options, the common hg19 reference file, and a current known gene list for the hg19 build that was downloaded from the UCSC database. The output of this analysis includes an adjusted RPKM measurement for all observed genes in each sample, which was used for downstream analysis.
Survival analysis: Cox proportional hazards model
To perform survival analysis, we first applied univariate Cox proportional hazards model through the R package glmnet (55) . We utilized the number of mutations (or neoantigens) and the SCNA level, as individual predictors (univariate model; Fig. 6 , D and F, and table S6). The patients were divided in two groups based on whether the value associated to their tumors (e.g. mutation number) was higher or lower than the median level of the predictor, i.e., upper or lower 50%. The hazard ratio (HR) and the Wald test P value were determined. In addition, for each model, we calculated the C-statistics (in cross validation: cvK = 4, Rep = 10) using the R package SurvC1 (56) (table S6). For the N of mutations, an additional analysis was performed by using a specific threshold of 100 mutations to group the patients for survival analysis, as this threshold was utilized in the study by Snyder et al. To determine the contribution of the SCNA level compared to the number of mutations as predictors of survival, both these parameters were combined in a multivariable Cox proportional hazards model (55) . A combined risk score was derived from this multivariable model and the median of this combined score was utilized to divide the patients into two groups (based on whether the associated risk score was higher or lower than the median). The hazard ratio (HR) and the Wald test P value were then determined for this combined score (Fig. 6, E and G) . In addition, the individual HR and P value for the two parameters (SCNA level and number of mutations) in the multivariable model were also determined (table S6) . Patients who died for reasons other than melanoma were not excluded from the analysis but considered as censored at the time of death.
Analysis of TCGA data set of melanoma patients
We considered the TCGA data set of skin melanoma (SKCM) patients with available clinical information, copy number data and mutation data. Patients treated with ipilimumab (N = 2) or interferon (N = 10) were excluded as well as patients with early stage disease. The data set was composed of 159 patients including 78 events of death with a median survival time of 848 days. Stage and gender did not represent significant predictor of survival in this data set. The SCNA level was determined as described in the section "Calculation of the SCNA level." Cox-proportional hazards model was applied as described in "Survival Analysis of the immunotherapy trials" (table S6C) . To determine the interaction between the SCNA level and immunotherapy, the TCGA data set of melanoma patients not treated with immunotherapy and the data set of patients treated with anti-CTLA-4 from Van Allen et al. (27) and Snyder et al. (26) were combined together. Since the patients from TCGA were followed for a longer period of time, we considered only the patients followed for a similar time to the other data sets (up to 1700 days). Multivariable Cox proportional hazard model was applied considering the combination of low SCNA level (bottom 50%) and immunotherapy treatment and combination of high N of mutations and immunotherapy treatment as predictors, in addition to other covariates to control for differences between the three data sets (table S6D) . A significant prediction of survival associated with the predictor representing the combination of low SCNA level and immunotherapy treatment indicated an interaction between the two parameters.
The TCGA data set was also utilized to derive a set of genes (23 genes, table S6E) that correlated with the SCNA level (positively) and with the immune infiltrate (negatively). The threshold used as cutoff for the correlation coefficient was 0.4. This gene set was utilized for survival analysis in the data set of melanoma patients treated with immunotherapy (27) .
